Abstract: Cardiovascular diseases are the leading cause of death worldwide. Early detection of abnormal vascular morphologies like aneurysms in the abdominal (abdominal aortic aneurysm, AAA) or thoracic aorta (thoracic aortic aneurysm, TAA) are essential to prevent fatal events. The aim of this study is the development of a patient-specific simulation model to obtain statistical information about ab-/normal pressure-flow c onditions t o i mprove t he b asic understanding and methods for the early detection of diseases. For this purpose, the numerical cardiovascular modeling tool SISCA was used, to generate a series of simulations by MonteCarlo parameter variation. The considered variational scenario was built upon a control group of normal patients, deriving two pathological conditions for AAA and TAA with different severity and location. Therefore, the nominal diameters were enlarged between 200 % and 500 %, while the length of the aneurysms were modified within a range of 30 and 90 mm. Within each statistical set the convergence was tested by the bootstrap method ensuring that within a set of 3500 runs a 2 % deviation error of the mean value of the blood pressure was obtained compared to a set of 10000 runs.The parameter variation method allows the generation of disease specific data in the context of physiological/clinical findings and consequently the disease specific q uantification of si gnal un certainties and variances.
Introduction
Pathological bulges of the blood vessels, especially aneurysms in the abdominal (AAA) or thoracic aorta (TAA) are a highly underestimated problem. According to Criqui et al. these diseases affect 12 to 14 % of the population [1] . However the asymptomatic course of the diseases in most patients and the misinterpretation of the initial symptoms in about one third of the symptomatic patients, lead to a categorical underdiagnosed clinically situation [1] . The aim of this study is the development of a patient-specific simulation model to obtain statistical information about the normal or abnormal pressure-flow conditions and their time dependent variances to improve the basic understanding of the observed signals. Therefore we include statistical information of diseases and physiological parameter uncertainties into a model of the cardiovascular system using the findings from [2, 3] and [4] . The data obtained serves as a basis to develop methods for early diagnosis utilising a similar signal classification algorithm like for example those used to analyse the ECG [5] . To archive valuable relational conditions, the uncertainties in a healthy and diseased cardiovascular system, are modeled by the Monte-Carlo method to produce a multivariate statistical data set with its parametric meta information about the disease, which allows the characterisation of the disease in a statistical sense. According to Gul et al., only sensitive parameters need to be varied to keep the variational dimension and computational cost as low as possible [6] . Furthermore by the suppression of co-diseases and the observation of a single mean heart rate of 79 bpm, the dimensionality of the method is kept to a minimum. Simulations results, like pressure -flow waveforms, their variances and the parametric model are stored in a MySQL database for further analysis.
Methods
The study is based on simulations generated by the numerical cardiovascular modeling tool SISCA, describing the blood flow in the cardiovascular network according to the theory of Westerhofs et al. in a zero-dimensional parameter approach [7] . Understanding the effects of pathological conditions in the cardiovascular system, initially requires a known parametric structure of the simulation model under healthy conditions. For a detailed description and parametrisation of the simulation model we refer to [6, 8] . The modified parametric setup for the simulations in this study is described below.
Simulation setup
The SISCA model morphology, representing our hardware simulator MACSim [9] , contains 96 segments, including 33 terminal segments. The boundary condition at the inlet segment is driven by a sampled input pressure time series of MACSim, within the parameter range of 80 to 120 mmHg and a heart rate of 79 bpm. The blood viscosity was chosen to be 4 · , the lumped elements were modeled using a linear elastic behaviour. For each segment, two time series were generated, one for the pressure and one for the flow, leading to a total number of 2 · = 2 · 96 = 192 artificial pressure-flow signals, where is the total number of segments (see Figure  2) . The network equations were solved using the lsim solver (Mathworks Matlab) within the SISCA simulation tool [8] . Solver parameters like the time step width where chosen to be 1 ms and the overall time span was 2.73 s, however due to statistic narity only the last period was used in the following analysis. Simplified model geometry of the human systemic circulation with total number of arterial segments, = 96 including one heart segment (yellow, 0 node), 62 non-terminal (green) and 33 terminal (blue) segments. The observation of pressure and blood flow was performed at node 45 (red marker). Purple markers indicate the location of the pathologies of the AAA and TAA. Model geometry, formulation and parameter values are taken from [7, 9] Besides the control group of healthy patients, the variational scenario is based on two pathological conditions of the AAA and TAA with different extension and location (see Figure 2) .
The diameters at the diseased locations, indicated as purple markers (see Figure 2) , were enlarged between 200 % and 500 %, while the length of the aneurysms were modified within a range of 30 and 90 mm. Modified segments of the aorta with a diameter of less than 300 % were considered small, between 300 and 400 % medium and greater than 400 % were considered as large aortic aneurysms (see Table 1 ). The resulting parameter distribution of the diameter is shown in Figure 2 . The model parameters within the pathological segments were varied randomly within their uncertainty ranges using the Monte-Carlo method (see Figure2) . The problem inherent parameter dimensionality of over 455 independent parameters, the large number of Monte-Carlo runs for each disease results in a costly computational situation, which is optimised using the design of experiments (DOE) method, so that all variables were considered in a minimal number of experiments.
To cover the entire range of parameter spaces with reasonable computational cost, Latin hypercube sampling (LHS) was used [6, 10] . Finally, the pressure and flow waveforms were collected at a sensitive location in the right leg (node 45), which was determined by a global sensitivity analysis method presented by Gul at. al [6, 11] . The error within the state variables within a statistical set was verified using the bootstrap method to find a 95 % confidence interval of each parameter for each state variable, that lies within ± 5 % uncertainty as compared to the mean value of all simulations with N = [250, 500, 1000, 1500, 2000, 2500, 3000, 3500, 5000, 7500, 10000] [6, 12] . Within each statistical set the convergence error from the mean value of the blood pressure for a set of 3500 runs lies below 2 % compared to a set of 10000 runs.
Results
To obtain a better understanding about the statistical nature of the diseases in signal space, the state variables of pressure and flow of the healthy and diseased sets were compared at a sensitive location in the right leg (node 45). The results of this study can be divided into two sections -healthy and pathological setups. Due to their broad availability in a clinical setting, only the pressure signals are shown and discussed within this study.
We also emphasis the most important scenarios of the large aneurysms due to their high rupture risk of 10% and their clinical relevance. Figure 2 shows the parameter distribution of the healthy (blue) and diseased scenarios for the TAA and AAA diseases given in Table 1 . Furthermore, the influence of small (orange), medium (yellow) and large aneurysms (purple) on the pressure signal is shown in the bottom of Figure 2 . 
Healthy control group
The results of the healthy control group vary marginally as shown in Figure 3 . After less than 500 simulations convergence, in which the mean error was less than 2 %, was already achieved. The mean pressure amplitudes range between 74 mmHg and 150 mmHg. Low signal variances can be found in six temporal locations (t ℎ ℎ =0.04, 0.18, 0.32, 0.45, 0.56, 0.7s) and therefore may be good choice as features to use in a consecutive classification algorithm.
Pathological groups
Besides the healthy control group, three pathological conditions of the AAA (node 36, see Figure 2 ) and TAA (nodes 5, 25, see Figure 2 ) with an extension between 200 % and 500 % and a length of 30 and 90 mm were considered. Figure 4 shows the effect of an aneurysm in the accending aorta (TAA1) at the selected observation point (node 45). In contrast to the healthy control group, the mean pressure amplitudes observed for the TAA1 were between 40 mmHg and 210 mmHg. The TAA1 also shows minimum values for the variance at four time locations, which may be used for a consecutive classification (t 1 =0.4, 0.52, 0.61, 0.7s). Figure 5 shows the effect of the aneurysm in the descending aorta (TAA2) at the selected observation point (node 45). In contrast to the healthy control group, the mean pressure amplitudes observed for the TAA2 are between 40 mmHg and 220 mmHg. The TAA2 also shows minimum values for the variance at two time locations, which may be used for a consecutive classification (t 2 =0.54, 0.73s). Figure 6 shows the effect of the aneurysm in the abdominal aorta (AAA) at the selected observation point (node 45). In contrast to the healthy control group, the mean pressure amplitudes observed for the AAA are between 70 mmHg and 138 mmHg. The AAA also shows minimum values for the variance at four time locations, which may be used for a consecutive classification (t =0.06, 0.28, 0.46, 0.66s). 
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Comparison of the simulation results
Within a signal classification setting it is important to identify features that allow to differentiate between the signals and to sort them according to their diseases. Figure 7 compares the pressure and standard deviation of the control group with the diseased group for the TAA1, 2 and the AAA. The time series show feasible regions that allow the differentiation between the diseases at (t 1 =0 to 0.08s, t 2 = 0.63 to 0.7s and t 3 = 0.76 to 0.8s). The pathologies can be sorted either by gradient, position and spread. Furthermore we note that the TAA diseases have the greatest influence on the number of simulations required because there is a large variance in the data. The TAA in the descending thoracic aorta (TAA2) has a much stronger effect on the observed signals than a TAA in the ascending aorta (TAA1). The AAA mainly attenuated and broadened the signal compared to the healthy control group while the amplitudes are amplified for the TAA case. 
Conclusion
Within this study, Monte-Carlo parameter variation was used to quantify the signal uncertainly for a healthy and diseased model of the cardiovascular system. It could be shown, that convergence was reached for all groups at a minimum number of 3500 runs in each statistical set. The statistical analysis off the mean pressure and standard deviation waves has shown the characteristic changes generated by aortic aneurysms in the thorax and abdomen. Furthermore, we could define specific time regions that can be used to extract features for a consecutive classification.
